Novel modelling was utilised in the present study to reveal significant relationships between the abundance of the Australian freshwater stream-specialist fish Galaxias olidus and metrics defining flow regimes across a region dominated by temporary streams. It was revealed that increases in total abundance were linked to metrics (both 1-and 3-year periods) that indicate greater water availability and the persistence of water in pools across the year, namely the average duration of zero-flow days over the low-flow season (negatively) and total duration of bankfull flows across the year (positively). The analysis identified 3-year metrics as being more important to the abundance of 0+ fish rather than annual ones. Taken together, these findings describing the flow requirements of a stream specialist will help to guide implementation of environmental flows, but will also highlight the need for continued exploration of flow-ecology relationships.
Introduction
The role of natural flow regimes in shaping biotic community structure, species' life histories, productivity and the ecological function of riverine ecosystems is unequivocal (Poff et al. 1997 , Ward et al. 1999 , Bunn and Arthington 2002 . Flow plays a profound role in the lives of freshwater fish, with prevailing flow regimes influencing their abundance, diversity, recruitment and survivorship, and strongly structuring their communities (Matthews 1998) . Logically, the alteration of natural flow regimes, such as through river regulation and water abstraction, can have detrimental impacts on riverine ecosystems by disrupting life histories, reducing hydrological connectivity, degrading habitat and food resources, and favouring introduced species (Bunn and Arthington 2002, Poff and Zimmerman 2010) . Furthermore, it is anticipated that, with escalating water demand and reduced rainfall due to predicted climate change, the impacts of altered flow regimes will intensify in many regions in the future (Morrongiello et al. 2011 , Arthington 2012 , Acreman et al. 2014 .
Environmental flows (E-flows) strive to restore the quantity, timing and quality of flows necessary to sustain freshwater and estuarine ecosystems (Poff et al. 1997 , Arthington 2012 . Guided by the natural flow paradigm (Poff et al. 1997) , an increasing range of methodologies has been developed to assist with the determination of E-flows (Tharme 2003 . Whilst E-flow methodologies are reliant on robust flow-ecology relationships that account for regional climatic and hydrological differences, in many instances these relationships are poorly understood (Arthington et al. 2006 , Vilizzi and Meredith 2009 , Davies et al. 2014 . This is particularly true for temporary streams (i.e. those characterised by recurrent flow cessation), which represent the most common of all freshwater systems in the world (Datry et al. 2014 , Leigh et al. 2016 . There is therefore pressing need for greater understanding of flow-ecology relationships to inform the development and application of E-flows in these systems (see Hughes 2005 , Larned et al. 2010 .
The characterisation of flow regimes by a series of metrics has helped define flow-ecology relationships and has allowed many important advances in river ecology and management . These metrics are measurable indicators that are used to characterise the key components of the flow regime, such as magnitude, frequency, duration, timing and rate of change (Poff et al. 1997) . Flow metrics, for instance, have been beneficial to classify natural flow regimes (Poff and Ward 1989 , Kennard et al. 2010 , Jones et al. 2014 and assess the impacts of flow alteration on rivers throughout the world (Richter et al. 1996 , Mackay et al. 2014 , Rolls and Arthington 2014 . Researchers have evaluated relationships between flow metrics and fish species richness (Iwasaki et al. 2012 , McGarvey 2014 , fish life-history traits (Mims and Olden 2012, McManamay and Frimpong 2015) , as well as aspects of the biology and ecology of fish species, such as growth and condition (Balcombe et al. 2014 , Jacquemin et al. 2015 and habitat utilisation (Ayllón et al. 2014) .
Hundreds of flow metrics now exist (Richter et al. 1996, Olden and Poff 2003) , and it is necessary to account for the particular characteristics of the study region (Kennard et al. 2010 , Oueslati et al. 2015 . Accordingly, a set of metrics has been developed for a Mediterranean climate region (the Eastern Mount Lofty Ranges: EMLR) in southeastern Australia dominated by temporary streams (VanLaarhoven and van der Wielen 2009 ). The region is of interest as an outlying and diverse area of stream habitat at the terminal end of the expansive Murray-Darling Basin (MDB), which contains a suite of regionally threatened fish species (Hammer et al. 2009 ). In the EMLR, the diversity of aquatic habitats and hydrological connectivity is increasingly compromised by water abstraction and flow alteration (CSIRO 2007) . Furthermore, the region was profoundly impacted by one of the most severe droughts in recorded history (the Millennium Drought: van Dijk et al. 2013) , with critical water shortage experienced regionally as the drought intensified from 2007 to 2010 (Mosley et al. 2012) . Over this period, historical declines in the fish community (Hammer 2004) were exacerbated, especially for small-bodied native species (Hammer et al. 2013 , Whiterod et al. 2015 . To redress impacts to fish communities and other aquatic biota (i.e. ecological assets), a water allocation plan was recently adopted across the region (SAMDBNRM Board 2013), but further information on local flow-ecology relationships is required to maximise the benefits of the plan in meeting environmental objectives (VanLaarhoven and van der Wielen 2009) .
In this study, the relationships between metrics defining flow regimes in the EMLR over a 13-year period with the recruitment and survivorship of a native freshwater stream-specialist fish species are explored. Flow metrics were defined for two antecedent time periods: the preceding water year ("1-year metrics"), and averaged across three years ("3-year metrics"). It is predicted that: (i) 1-and 3-year metrics relating to the persistence of water in pools through the low-flow season (i.e. average daily flow, number and duration of freshes) would best account for presence and survivorship; whereas, (ii) recruitment would be positively linked to varying 1-year metrics that reflect differing life histories such as conditions during the transition to and from the lowand high-flow seasons (e.g. higher average daily flow, number and duration of freshes, median non-zero daily flow) as well as the average total duration of bankfull flow per year (e.g. greater inundation of edge vegetation habitat). The outcomes of the present study will advance understanding of flow-ecology linkages and inform the development of E-flows in temporary streams.
Study region
The EMLR is a small (4693 km 2 ) region containing 17 catchments, 11 of which maintain permanent surface water (Hammer 2004) (Fig. 1) . Across each of the catchments, headwaters typically contain several small tributaries that subsequently flow into the main stream of the corresponding catchment. In turn, catchments flow through upper and mid riffle-pool reaches and then often enter a confined gorge reach. Below the gorges, streams are low-gradient large channels (lowland reach) and finally enter terminal wetlands, which are often under the influence of the River Murray channel and Lower Lakes (see VanLaarhoven and van der Wielen 2009) .
The EMLR region is influenced by a local Mediterranean-type climate with moderate austral winter-spring-dominated rainfall and streamflows (VanLaarhoven and van der Wielen 2009), but with evident spatial and inter-annual flow variability (CSIRO 2007) . Streamflows are defined across four flow seasons, namely low-flow season (LFS), transitional flow season 1 (T1), high-flow season (HFS), and transitional flow season 2 (T2) (VanLaarhoven and van der Wielen 2009; see Fig. 2 ). The LFS is characterised by periods of low to zero flows, interspersed with infrequent higher pulse flows (i.e. freshes) following rainfall. The T1 season reflects increasing flow level and duration during the transitions from the LFS to the HFS, which is characterised by higher baseflow and frequent higher flow freshes. Finally, decreasing flow level and duration over the transition between the HFS to LFS seasons characterise the T2 season. In the EMLR, the water year is deemed to run from the start of the T1 season (April-July, depending on catchment) through to the end of the LFS season (AprilMay, again depending on catchment), and can be schematically defined as T1→HFS→T2→LFS, with the timing of each season varying across catchments.
Methods

Study species
The Mountain Galaxias species complex (see Raadik 2014 ) is broadly distributed across southeast Australia, with two closely related species, namely Mountain Galaxias Galaxias olidus (Günther 1866) and Obscure Galaxias Galaxias oliros (Raadik 2014) , which are now recognised in the EMLR. Despite this recognition (but see Vilizzi and Kováč 2014, Page et al. 2017) , which occurred after the period of the data collection in the present study, there is as yet no differentiation of biological information across the region (Hammer et al. 2009 ). As such, in the present study reference will be made collectively to G. olidus sensu lato. Collectively, previous research suggests G. olidus is a loosely schooling species with a preference for flowing streams and pools with habitat cover (rocks, woody structure and undercut banks). Furthermore, G. olidus possesses strong swimming endurance and dispersal ability (Dexter et al. 2014) , which is believed to aid population expansion and recolonisation across stream sections. In the study region, the species dominates pool and riffle habitats in upland and mid reaches, but has experienced declines in range and abundance as flow regimes have been altered (Hammer 2004) .
Fish sampling and data treatment
The present study utilised fish monitoring data across the EMLR between 2001 and 2013, which were recently collated by Whiterod et al. (2015) . Briefly, all monitoring had the consistent aim of sampling the relative abundance of all species in all prevailing habitats at a certain sampling site (including Hammer 2004 (including Hammer , 2007 (including Hammer , 2009 ). Whilst acknowledging potential biases (cf. Smith et al. 2014) , it was necessary to employ a range of active (i.e. backpack electrofishing) and passive (i.e. netting, bait traps) gear types to sample fish across the complexity, depth, intermittency and salinity of the different habitats of the region. All sampled fish were enumerated and identified to species (McDowall 1996 , Lintermans 2007 , and all G. olidus (and other threatened species) were measured for total length (TL, mm), with larger catches sub-sampled (measured n ≥ 50). Fish catch-per-unit-effort (CPUE) abundance (hereafter, simply "abundance") was then computed as number of fish per square metre sampled, based on three categories of pool area (i.e. small, medium and large) and summed over the (active and passive) gear types used (see Cheshire 2010 , Vilizzi 2012 . The long-term monitoring was targeted towards the LFS season, as it was considered that fish responses would (at least) reflect flow regimes experienced over the preceding flow year(s).
The present study focused on sites with reaches across catchments where the species had been recorded, based on the dataset utilised by Whiterod et al. (2015) . At each site, length data in the form of size classes from previously developed population models based on autumn monitoring (see Hammer et al. 2013) were used to distinguish age groups for the species, thereby providing for a measure of recruitment (0+ fish) and survivorship (≥1+ fish). Specifically, 0+ fish were defined as <60 mm (except for the Marne catchment where <65 mm was used), 1+ fish between 60 and 80 mm, and 2+ fish >80 mm. The CPUE abundance was estimated for recruits and survivors using the proportion of each size class in the CPUE abundance at the site (including when large catches were sub-sampled). Notably, the sampling design was unbalanced due to different numbers of sites sampled in any one year of the study period.
Flow data and metrics determination
Flow regimes were represented using simulated data given the deficiency of streamflow gauges across the region. Accordingly, based on the WaterCRESS platform (see Cresswell et al. 2002 ), a hydrological model was used to produce simulated daily flow data (ML day −1 ) for each corresponding fish sampling site over the 13-year study period. The hydrological model was underpinned by rainfall-runoff catchment water balance models (Australian Water Balance Model for the Marne Catchment and the Watercress Model for the others) that account for a range of parameters (e.g. infiltration, canopy interception, soil stores and groundwater stores) that influence the generation of runoff from rainfall in each of the main catchments (including those of the study) across the region (Cresswell et al. 2002) . In turn, the hydrological model was constructed as a series of nodes linked based on drainage direction, with each node representing a catchment (rural or urban), demand (e.g. urban demand, watercourse diversion), storage (e.g. dam) or transfer component (Alcorn et al. 2008 , Alcorn 2010 . The structure of the model was partially distributed from a perspective of spatial representation of the variability of hydrological parameters within a catchment. The models include explicit representation of: (i) spatial variability of rainfall across the catchment; (ii) location of major blocking dams (and type of use, i.e. for irrigation or stock and domestic purposes) relative to their contributing catchment areas; (iii) watercourse extractions; (iv) urban catchment parameters; and (v) catchment parameters to represent variability of soil type and land use across the catchments. Inflow, assumed use, evaporative loss and outflow were modelled on a daily time step for each dam node. The models were calibrated (with goodness of fit R 2 > 0.695 for all gauging sites) to daily observed streamflow records from streamflow gauging sites that were included in the calibration node in the models (Alcorn 2010) . More information on the nature, construction, calibration and performance of the hydrological model, and on the underpinning of water balance models can be found elsewhere (Cresswell et al. 2002 , Alcorn et al. 2008 , Alcorn 2010 .
In total, 57 regionally specific metrics have been devised to reflect flow regimes and hence guide the process of defining environmental flow requirements across the EMLR (VanLaarhoven and van der Wielen 2009). These metrics account for attributes (i.e. magnitude, frequency, duration, timing and rate of change) of the flow regime across the defined flow seasons (i.e. T1, LFS, T2 and HFS: Fig. 2 ) across the region. Within each flow season, metrics relate to the extent of zero (e.g. average duration of LFS zero-flow spells) and low flows (e.g. 80th percentile exceedence non-zero flow), as well as to relatively small and short duration high-flow freshes which are critical to maintain refuge pools (e.g. average number of LFS freshes per year) and bankfull or overbank flows (e.g. average duration of bankfull flow per year) (VanLaarhoven and van der Wielen 2009). The 1-year and 3-year flow metrics were estimated using simulated flow regimes at each fish monitoring site based on the relevant antecedent flow year(s) of the study period.
Statistical analysis
Flow-and microhabitat-fish relationships were modelled for the combined age groups and separately for the 0+ (as indicators of successful spawning), 1+ and 2 + individuals (as indicators of recruitment/survivorship). For each site sampled on a certain date (i.e. the experimental unit in the design), the corresponding reach type, easting and northing coordinates, microhabitat as defined by substratum composition (categorised into: clay, 1; silt, 2; mud, 3; sand, 4; gravel, 5; cobble, 6; boulder, 7; bedrock, 8) , depth (m) and habitat cover, together with size of the sampled area (m 2 ) were also recorded. Similar to other studies (e.g. Wedderburn et al. 2012) , habitat cover was measured visually as the percentage of total water volume at the sampling site occupied by a combination of submerged physical (e.g. rocks, woody structures) and biological (e.g. submerged aquatic vegetation, structure and emergent vegetation) components. The modelled 1-and 3-year flow metrics matching each experimental unit were then included into the species-specific dataset.
In total, 35 1-year and 57 3-year flow metrics in five "seasonal" categories were identified (Table 1) . Because of collinearity and modelling constraints, a subset of the flow metrics from each category was selected from each species-specific dataset. Selection was through a complete search algorithm over the variables in each category, with only one metric per category retained in the final models due to modelling constraints requiring a sample size of at least 15-20 replicates per covariate (Zuur et al. 2014) . Collinearity analysis was in R v3.0.3 64-bit (R Core Team 2014) using the eleaps function of package subselect (Cadima et al. 2012) . The retained five flow metrics for the 1-year and 3-year groupings were then further tested for any remaining collinearity by the variance inflation factor (VIF), using function corvif (http:// www.highstat.com/Book2/HighstatLibV6.R) with a maximum threshold of 10 (Montgomery and Peck 1992) .
For each of the four age groups identified, choice of the most appropriate model was made according to the following criteria:
(1) Response variable -Due to the discrete nature of the response variable (count data, i.e. abundance of fish in each age group), both the Poisson (P) and negative binomial (NB) distributions were considered, with the NB being regarded as more appropriate in case of overdispersed data. Statistically, overdispersion is the presence of greater variability (hence, dispersion) in a dataset than would be expected based on a given statistical model/distribution, which for the P distribution involves a variance larger than the mean (Hilbe 2014). Compared to the P distribution, the NB has an additional parameter (α = 1/r) measuring dispersion and also known in ecology as the "aggregation" parameter. Small values of r (r < 1, hence α > 1) indicate high aggregation, large values (r > 5, hence α < 0.2) absence of aggregation or randomness, as can be described by the P distribution (Crawley 2013) .
(2) Fixed part -The five flow metrics retained through the complete search algorithm described above, together with the three microhabitat descriptors, were included into the fixed part of each model. Notably, no further variable selection procedure (e.g. backward or forward) was employed, so that the same model was retained across the four age groups regardless of the statistical significance of the individual covariates (Whittingham et al. 2006) . Choice of the fixed part of the model was therefore dictated primarily by the "ecological" significance of the flow-and microhabitat-fish relationships under investigation. (3) Offset variable -The additional variation due to the sampling of fish from areas of different size was included into each model as the offset variable log(Area) (Kéry 2010 ). (4) Random part -Due to the hierarchical spatial structure of the design, which involved the sampling of fish at the site within reach type level, whenever required both reach types and the sites nested therein were included into the random part of the model as random effects, leading to a mixed-effects model (MM; Zuur et al. 2009 ). (5) Zero inflation -Because of the presence of zero values in the dataset, the possibility of zero inflation was investigated by fitting zero-inflated (ZI) mixture models (Martin et al. 2005) . In these models, the zero component of the dataset is modelled both as a binomial part leading to "false zeros" (i.e. absence of the species from the sampled area during the survey period and/or observer error in detecting the species) and as a P or NB count process leading to "true zeros" (i.e. species not occurring in the sampled area because of unsuitable habitat).
Following definition of the final (preliminary) model structure, which consisted of the response variable, the fixed part including the eight covariates (i.e. the five retained flow metrics plus the three microhabitat descriptors, all standardised to increase chain mixing for Bayesian estimation; see below), and the offset variable for sampled area, a total of eight generalised linear models (GLM) of increasing complexity were fitted to the data and evaluated (notably, due to the absence of nonlinear relationships, further additive fitting of nonlinear models was deemed not necessary; cf. Zuur et al. 2014) . Apart from the count data, this series of models also accounted for overdispersion, presence of random effects, and potential zero inflation. Specifically: (i) any overdispersion that could not be accounted for by the P distribution for count data was modelled by the NB distribution; (ii) the presence of significant random effects was accounted for in the MM part of the model; and (iii) any potential zero inflation was incorporated into the ZI component of the model (Fig. 3) . The resulting models were: (i) Poisson generalised linear model (P GLM); (ii) zeroinflated Poisson generalised linear model (ZIP GLM); (iii) Poisson generalised linear mixed model (P GLMM); (iv) zero-inflated Poisson generalised linear mixed model (ZIP GLMM); (v) negative binomial generalised linear model (NB GLM); (vi) zero-inflated negative binomial generalised linear model (ZINB GLM); (vii) negative binomial generalised linear mixed model (NB GLMM); and (viii) zero-inflated negative binomial generalised linear mixed model (ZINB GLMM) (Fig. 3) .
All models were fitted in R using function glm for the P GLM, glm.nb of library MASS (Venables and Ripley 2002) for the NB GLM, zeroinfl of pscl (Jackman 2015) for the ZIP GLM and ZINB GLM, glmer of lme4 (Bates et al. 2014) for the P GLMM, and glmmadmb of glmmADMB (Bolker et al. 2012) for the ZIP GLMM, NB GLMM and ZINB GLMM. Following preliminary selection of the "best" model through the Akaike information criterion (AIC; Burnham and Anderson 2004) , the parameters of the final model for each of the eight combinations of flow metrics (i.e. 1-year and 3-year) and age groups (i.e. combined, 0+, 1+, 2+) were estimated by Bayesian inference. In this study, the Bayesian approach was preferred over the frequentist (which was limited to the hierarchical model selection above) as being more tailored to adaptive management (e.g. Dorazio and Johnson 2003, Prato 2005) . The Bayesian models were fitted in JAGS v3.4.0 (Plummer 2003) implemented in R using the R2jags package (Su and Yajima 2015) . Vague (non-informative) priors were used for the eight regression parameters, with a multivariate normal distribution employed for the NB GLM and a uniform distribution for the NB GLMM (because of poor mixing of the intercept chains in the latter case); whereas, a half-Cauchy distribution was used for the standard deviation parameters of the random effects and for the size parameter r of the NB (Zuur et al. 2014) . Parameter estimation was based in all cases on three Markov chain Monte Carlo (MCMC) chains for a total of 1 000 000 steps, discarding the first 500 000 steps as burn-in period and thinning every 1000 steps. The burn-in period is necessary to reduce the effect of the starting values on the MCMC results (Gelman et al. 2013) , and generally a NB GLMM requires an extensive burn-in to obtain satisfactory chain mixing (Zuur et al. 2014) . For consistency, the burn-in size for the NB GLM was kept equal to that of the NB GLMM.
Following model fitting, convergence of the MCMC algorithm was assessed visually by trace and autocorrelation function (ACF) plots and quantitatively using the Brooks-Gelman-Rubin (BGR) scale-reduction factor (Brooks and Gelman 1998, Gelman et al. 2013). The BGR is a diagnostic that evaluates MCMC convergence by analysing the difference between multiple Markov chains, with convergence assessed by comparing the estimated between-and within-chain variances for each model parameter. A BGR value equal to 1.0 indicates that the chains are fully converged, so that heuristically values greater than 1.1 should be viewed with suspicion as indicators of failed convergence. A posterior predictive check also was performed to compare the lack of fit of the model fitted to the actual data with the lack of fit of the model fitted to "ideal" data (i.e. simulated from a NB distribution). The number of times that the summary statistic (produced through MCMC) for the actual data is larger than that of the ideal data provides a Bayesian "p-value" for the model, with values close to 0.5 indicating "good" model fit and values close to 0 or 1 "poor" model fit (Gelman et al. 2013) . After fitting, 90 and 95% posterior credible intervals were obtained from the covariance matrix of the betas (i.e. the estimated regression parameters), which were scaled for under-dispersion (Zuur et al. 2014) . Notably, in Bayesian model fitting the "significance" of a parameter's estimate is determined by its 95% credible interval (the Bayesian "equivalent" of the frequentist confidence interval), which indicates that there is a 95% chance that the parameter falls in such interval. If the 0 value falls in the 95% credible interval, then the parameter is not significantly different from 0 (Zuur et al. 2014 ). Finally, to investigate possible residual spatial correlation, the residuals of the fitted models were plotted against the easting and northing coordinates of each sampled site; whereas for detecting possible temporal correlation, a variogram (Zuur et al. 2010 ) was used to identify any trends (or lack thereof) across both the individual dates and years of sampling (i.e. 2001-2013) .
Results
The flow-microhabitat-fish dataset consisted of 7741 fish collected from 266 data points across 26 sites between 2001 and 2013 (Table 2) (Table 3) . Together with the three microhabitat descriptors (i.e. substratum, depth and habitat cover), the selected 1-and 3-year flow metrics were then included into the fixed part of each model.
Hierarchical (frequentist) model fitting showed the NB GLMM to be the "best" model (i.e. the one resulting in the lowest AIC value), and this applied to all age groups and to both the 1-and 3-year flow metrics (Table A1) . Notably, inclusion of the random effects Reach type and Site contributed to lower the AIC values for the NB GLMM relative to the NB GLM (Table A1) . In this respect, despite the presence of a relatively high percentage of zero values for most age groups (Table 4) , the ZI models overall provided higher AIC values relative to the NB GLM and NB GLMM.
This was a likely result of the majority of zero values being clustered at the individual site level, hence already accounted for by the random effects component of the model (Zuur et al. 2014) .
Based on the above selection, the following final NB GLMM (Bayesian) model was applied: Table 3 . Flow metrics selected through a complete search algorithm for inclusion into flow-and microhabitat-fish models for G. olidus in the EMLR. The proportion of variation retained relative to the full subset of metrics in each category (cf. Table 4 . Posterior Bayesian parameter estimates (mean ± SE, with 5 and 95% credible intervals in parentheses;
"significant" values in bold) for G. olidus flow, and microhabitat relationships in the four age groups sampled across the EMLR. For each model (negative binomial generalised linear mixed model: NB GLMM; see Fig. 3 and Table A1) 
where Fish is the NB-distributed abundance of the combined age groups and of the 0+, 1+ and 2+ sampled in event k at Site j within Reach type i, α is the dispersion parameter, log is the link function, and a i and a ij are the random effects for reach type and site, respectively. All of the models provided satisfactory-to-good fit (Table 4) , were slightly underdispersed, and their α values further confirmed the NB as a more suitable distribution than the P for modelling the data. Also, in all cases where the NB GLMM was applied, there was significant variation due to both reach type and the sites therein. For all models, posterior predictive checks indicated good chain mixing and BGR factors were close to 1.0 for the corresponding parameter estimates. Finally, analysis of residuals did not show any indication for the presence of spatial and/or temporal correlation. Based on the 1-year flow metrics, for the combined age groups there was a significant increase in fish abundance (relative to the sampled area) with A.4 and a decrease with LFS.6. A significant increase with A.4 also was observed in the 1+ and 2+ age groups, with the latter also decreasing in abundance with T1.1. On the other hand, there were no significant relationships between 1-year metrics and 0+ age group abundance, which decreased significantly only with increasing depth (Table 2, Fig. 4) . Based on the 3-year flow metrics, for the combined age groups there was a significant decrease in fish abundance with increasing T2.5. A significant increase with increasing T1.11 (0+ age group) and A.4 (2+ age group) was observed, with the 2+ age group also decreasing in abundance with T2.5. Conversely, there was no significant relationships between flow and combined 1+ age group abundance (Table 4 , Fig. 5 ).
Discussion
The present study utilised novel modelling to reveal significant relationships between the abundance of a stream specialist native freshwater fish species and metrics defining flow regimes across a region dominated by temporary streams. As anticipated, increases in abundance of G. olidus were linked to metrics that indicate greater water availability and the persistence of water in pools across the year (e.g. relating to bankfull flows, freshes and zero flows during various flow seasons). The recruitment of the species was more strongly linked to 3-year metrics rather than annual ones, despite an expectation of good recruitment reflecting favourable short-term flows in this relatively short-lived species.
In temporary streams, the severity and duration of zero-flow periods govern the persistence and suitability of refuge habitats during warmer summer months, thus impacting upon fish species and communities (Magoulick and Kobza 2003, Rolls et al. 2012) . Not surprisingly, the present study identified significant relationships between G. olidus abundance and flow metrics relating to zero flows during both the lowflow season (based on 1-year metrics) and over the transition from high-to low-flow season (based on 3-year metrics). Bankfull flows also help to define the availability and diversity of habitat and connectivity in temporary streams. Thus, the significant link between greater duration of bankfull flows and total abundance of the species was expected. The importance of freshes and adequate flow prior to the low-flow season to maintain refuge pool conditions appears equally important, as revealed by the significant relationships identified with the number of years with two or more T1 freshes over the preceding 3-year period.
The negative relationship between G. olidus adults and daily T1 flow, which characterises the magnitude of flow occurring over the transition from low summer/autumn flows to higher flows in winter and spring, was not anticipated. Rather, flows of a greater magnitude over the transition period would be expected to increase both habitat and food availability, which would improve adult condition prior to spawning and also enhance juvenile food resources, whilst reducing exposure to lethal or sub-lethal conditions in autumnall likely to lead to increased fish abundance (Balcombe et al. 2012) . However, it may be the case that these higher flows act to remobilise nutrients and deteriorate water quality (Lake 2000 , Death et al. 2015 , particularly in altered regions such as the EMLR, where most of the land has been cleared for agriculture. Further, these flows are anticipated to enhance fish movement Table 2 ). "Significant" relationships in red (see also Table 4 ). and dispersal and, at higher flows, possible displacement (Young et al. 2011) , which may act to distribute individuals, thus reducing abundances in (monitored) refuge pools.
The flow regimes defining temporary streams not only impact the suitability of refuge pools (as discussed above) but also the capacity for freshwater fish species to disperse in order to avoid or recolonise following adverse conditions. Galaxias olidus possess strong dispersal ability considered critical to the long-term persistence of the species (Dexter et al. 2014) . Specifically, Dexter et al. (2014) suggest that prolonged periods of zero flow may disrupt the source-sink population structure previously observed in the species by limiting the migration of juveniles back upstream. If a similar population structure occurs in the study region, then the negative relationships with zero flows (during highto low-flow season and during low-flow season) would be logical. Similarly, greater bankfull flows will likely promote habitat connectivity to allow dispersal, thus helping to promote increased abundance of G. olidus across the temporary streams of the region.
In addition to flow regimes, the influence of multiple local factors cannot be discounted (cf. Botwe et al. 2015) . Specifically, it is acknowledged that there may be idiosyncratic site-or reach-based factors linked to species ecology that prevent generalisation (Morrongiello et al. 2012) . Local patterns of water abstraction and flow connectivity are anticipated to influence strongly the persistence of the studied species in refuge pools. The hydrological model employed in the present study, whilst explicitly representing major sources of water abstractions (i.e. large farm dams and diversions), did not account for effects of small-scale or opportunistic abstraction from individual refuge pools. Further, many of the habitats where populations of G. olidus remain are also maintained by local groundwater springs, and this localised baseflow, while critical to survival, may mask regional patterns with respect to surface water flow. Additionally, alien species such as European perch Perca fluvialitis, salmonids (i.e. Salmo trutta and Oncorhynchus mykiss) and eastern mosquitofish Gambusia holbrooki occur at many sites across the EMLR (Whiterod et al. 2015) , as they are in many Mediterranean-climate temporary streams (Marr et al. 2013) and are likely to influence the responses of species such as G. olidus through direct predation and competition (Cucherousset and Olden 2011, Macdonald et al. 2012) .
Stream-specialist freshwater fish species exist as metapopulations organised within a dendritic stream structure (Fagan 2002 , Fausch et al. 2002 . These metapopulations are naturally constrained in temporary streams by seasonal hydrological discontinuity, but fragmentation by flow and habitat alteration is becoming of increasing concern (Perkin and Gido 2012, Datry et al. 2014) . Thus, in addition to local flowecology relationships, metapopulation processes such as dispersal and recolonisation will likely influence G. olidus populations across the study region. Presently, the relative contribution of local and metapopulation processes is unresolved and future research should attempt to elucidate these as well as other local factors (possibly through the incorporation of site-based models) to provide more accurate landscape analysis of flow-ecology relationships (see Davis et al. 2010 , Piana et al. 2014 , Datry et al. 2016 .
This study has demonstrated the application of a modelling approach that will allow further description of flow-ecology relationships in freshwater fish in general. Although in the present study reliance on simulated flow data was necessary given the limited streamflow gauge network across the region (Alcorn 2010) , it would be most appropriate to utilise in further applications actual streamflow data. Initially, the relationships identified in the present study could be validated at a subset of sites where fish and streamflow data exist, so that a further extension would be to relate species-or trait-based responses to metrics defining longer antecedent flow regimes (i.e. 5-or 10-year periods) whilst accounting for the extent of flow alteration (Mims and Olden 2012, Arthington et al. 2014) . More broadly, the requirement for appropriate monitoring, particularly relating to testable hypotheses associated with practical E-flow application, is well acknowledged (Davies et al. 2014 , King et al. 2015 .
This study has emphasised the importance of restoring natural periods of low flow over the summer and autumn months where these flows have been reduced (i.e. maintaining low-flow season baseflows). This supports the principles of the present programme to secure low flows being implemented across the EMLR (and the nearby Western Mount Lofty Ranges), which acknowledges the impacts of farm dams and watercourse diversions on magnitude, duration and timing of zero to low flows and freshes, particularly during the low-flow and transitional seasons (see Schreider et al. 2002 , Habets et al. 2014 . This analysis indicates that the duration of bankfull flows is also important to support native fish populations, although this part of the flow pattern has been much less affected by water resource development in the EMLR region (VanLaarhoven and van der Wielen 2009). Clearly, continued exploration of flow-ecology relationships, particularly in light of some unexpected findings, is necessary to provide greater insight into components of the flow regimes that are critical to promote native fish communities across the study region.
